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Abstract
Background: Short fragments of proteins are fundamental starting points in various structure
prediction applications, such as in fragment based loop modeling methods but also in various full
structure build-up procedures. The applicability and performance of these approaches depend on
the availability of short fragments in structure databanks.
Results: We studied the representation of protein loop fragments up to 14 residues in length. All
possible query fragments found in sequence databases (Sequence Space) were clustered and cross
referenced with available structural fragments in Protein Data Bank (Structure Space). We found
that the expansion of PDB in the last few years resulted in a dense coverage of loop conformational
fragments. For each loops of length 8 in the current Sequence Space there is at least one loop in
Structure Space with 50% or higher sequence identity. By correlating sequence and structure
clusters of loops we found that a 50% sequence identity generally guarantees structural similarity.
These percentages of coverage at 50% sequence cutoff drop to 96, 94, 68, 53, 33 and 13% for loops
of length 9, 10, 11, 12, 13, and 14, respectively. There is not a single loop in the current Sequence
Space at any length up to 14 residues that is not matched with a conformational segment that shares
at least 20% sequence identity. This minimum observed identity is 40% for loops of 12 residues or
shorter and is as high as 50% for 10 residue or shorter loops. We also assessed the impact of
rapidly growing sequence databanks on the estimated number of new loop conformations and
found that while the number of sequentially unique sequence segments increased about six folds
during the last five years there are almost no unique conformational segments among these up to
12 residues long fragments.
Conclusion: The results suggest that fragment based prediction approaches are not limited any
more by the completeness of fragments in databanks but rather by the effective scoring and search
algorithms to locate them. The current favorable coverage and trends observed will be further
accentuated with the progress of Protein Structure Initiative that targets new protein folds and
ultimately aims at providing an exhaustive coverage of the structure space.
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Functional characterization of proteins is one of the most
frequent problems in biology. While sequences provide
valuable information, their high plasticity makes it fre-
quently impossible to identify functionally relevant resi-
dues. For instance, it is estimated that 75% of
homologous enzymes share less than 30% identical posi-
tions[1]. Meanwhile less than 30% of related protein pairs
above 50% sequence identity have entirely identical EC
numbers[2]. Functional characterization of a protein is
usually facilitated by its three-dimensional (3D) struc-
ture[3]. These structures can be obtained by experiments,
such as X-ray crystallography, NMR spectroscopy, Cryo-
electron microscopy, or by computation. It has been rec-
ognized that technically complicate, time consuming and
expensive 3D experimental approaches will not catch up
with the millions of sequences that are emerging from
high-throughput projects around the world[4]. Two
major computational alternatives are available[5]. The
first ones are the template based approaches (comparative
modeling, threading) that have been employed in the Pro-
tein Structure Initiative (PSI)[6]. PSI efforts are expected
to experimentally solve ~5000 carefully selected protein
folds that could serve as seed templates for comparative
modeling to provide useful three dimensional models for
the rest of the -hundreds of thousands of- sequences.
While the resulting comparative models will be accurate
for most of the structure, some of the most critical parts of
the proteins may not be modeled accurately. For instance,
the overall accuracy of a comparative model for a protein
that belongs to one of the superfolds[7] can be very high,
because there are many high resolution structures availa-
ble as templates sharing the same general fold, however
the variable regions of these structures are different. The
variable regions are often unique in each of these proteins,
and define the function and specificity of the molecules.
For these unique structural segments that are often found
on the surface of the proteins and without any transla-
tional symmetry (i.e., loops), comparative modeling tech-
niques cannot generally be applied; loop segments in the
target may be missing in the template or structurally diver-
gent, resulting in inaccurate parts in the model. On the
other hand, short fragments of proteins play a critical role
in full structure buildup approaches, too. Some of the
most accurate methods available assemble full protein
structures by locating short segments in the databanks and
packing them together using some sort of minimization
protocol such as Monte Carlo simulation[8,9]. These
approaches proved to be useful to provide reasonable
structures (within 4–8 A RMSD to the experimental solu-
tion) for small proteins, typically less than a 100 resi-
dues[10]. To improve the accuracy of models that are
already subject to computational modeling and to extend
the applicability of whole structure buildup methods to
more sequences it is critical to have a good selection of
short building blocks in the structure databases.
The relevance of database search methods for predicting
loop structures was explored in 1994 by Fidelis et al[11].
The database search approach consists of finding a seg-
ment of mainchain that fits the two stem regions of a loop
[12-20]. It was concluded that only segments of 7 residues
or less (4 loop and 1+2 anchor residues) had most of their
conceivable conformations present in the database of
known protein structures[11]. In contrast, 8 and 9-residue
segments occurred more than once in less than 70% and
40% of the cases, respectively. These numbers were
obtained by extrapolation, by comparing the frequency
distribution of repeat conformations in PDB, where seg-
ments were clustered if they were structurally related to
one other by 1 Å RMSD or less. These types of estimates
strongly depend on the criteria for selecting matching con-
formations. Lessel and Schomburg explored the com-
pleteness of fragments in Protein Data Bank (PDB) using
a similar clustering approach. Fragments were grouped if
the distance between first and last Cα atoms was shorter
than 1.6 Å and the RMSD, considering Cα atoms only,
was smaller than 0.8 Å. Lessel and Schomburg's con-
firmed the conclusions of Fidelis et al[11], but with their
slightly stricter criteria only short fragments of three and
four residues long were well sampled in PDB despite the
three years older and larger database investigated[21]. The
situation is made even worse by the requirement for an
overlap of at least one residue between the database frag-
ment and the anchor core regions, which means that
modeling of a five residue insertion requires at least a
seven residue fragment from the database[15]. While only
few insertions in a family of homologous proteins are
longer than 14 residues, there are many insertions that are
longer than five residues[22]. Based on these studies in
the mid and late 90ies much recent research shifted to full
conformational search approaches, since those methods
are not limited by the size of the available database but
rather on our understanding of physics that guides folding
of local conformations [5,9,22-27]
A recent analysis argued for a more favorable coverage of
loop conformations in PDB. Du et al. [28] divided loop
structures between a "template" and a "query" databases
and compared these sets. They extrapolated that for seven
residue fragments there was a 99% probability that a sim-
ilar fragment is found within 0.7 Å RMSD, and even for
long loops (15 residues) there was a high probability that
there exists a non-homologous structure within 2 Å
RMSD, considering Cα atoms only.
The number of sequences and structures dramatically
increased over the last few years; accordingly, the differ-
ence in the sizes of sequence and structure databases isPage 2 of 12
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efforts of Protein Structure Initiative, it will be possible to
provide a reasonable model for most protein sequences
within approximately 5 years, where more than 99% of
these models will be generated by comparative modeling.
The practical questions are the following: is the current
structural databank useful to supply fragments from vari-
ous unrelated folds to complete these comparative mod-
els in their loop regions for any query that may emerge
from the current sequence databanks? In case it is not, is
there a promising trend towards this goal? In other words,
are there many unique sequence and/or structural frag-
ments being deposited to databanks?
In this work, we explore the question of what fraction of
loops extracted from all known protein sequences
(Sequence Space) is covered by loops extracted form all
known protein structures (Structure Space). Our approach
differs from the ones described in the past [11,21,28]
because we do not restrict our investigation on assessing
loop sampling on known protein structures but we esti-
mate the current structural coverage of short segments in
the Sequence Space, i.e. in the entire set of known
sequences. Fragments from Structure Space were structur-
ally clustered after an all-to-all comparison and sequence
identity cutoffs assuring structural similarities were identi-
fied for each loop length. Next, all possible loop frag-
ments from clusters of Sequence Space were matched with
the sequences from Structure Space, and the coverage
assessed. We also investigated the growth and change in
the databases by repeating these exhaustive comparisons
between sequence and structure databases that were avail-
able in 2001 and now. We focused our analysis on
"medium" and "long" loops that are in the range of 8 to
14 residues.
Results
Structure Space
The Structure Space is composed of 105,950 loop seg-
ments with lengths between 4 and 14 residues. The histo-
gram of distribution of the RMSDglobal values of an all-to-
all structure comparison within each loop length class is
shown in Figure 1. The distributions reflect the expected
values from random comparisons and show bell-shaped
curves with peak RMSDglobal values of 3.6, 3.9, 4.1, 4.7,
4.9, 5.1 and 5.4 Å for loop lengths of 8, 9, 10, 11, 12, 13
and 14, respectively. These are the expected accuracies if
one assigns loop conformation to target segments by
chance. At each length there is a small peak in the distri-
bution in the range of 0 to 1.0 Å that refers to the small
subset of related loops (inset in Figure 1). There is a clear
transition between the RMSD distribution of related and
unrelated loops at all lengths.
Sequence identity as a function of structural similarity in 
the Structure Space
The shorter the sequences compared the higher sequence
identity is required between them to confer structural sim-
ilarity. The structural similarity (RMSDglobal) as a function
of sequence identity is shown in Figure 2a. The standard
deviations of averages (not shown) are around or below
1.5 Å in the range of 0 to 50% sequence identity and drops
to around 0.5 Å when sequence identity increases above
50%, for all loop lengths of 8 to 14 residues. The decrease
of RMSDglobal variation indicates that as sequence identity
increases, consistently low values of RMSDglobal are
obtained for pairs of superposed loops. In the range of 42
to 55% sequence identity there is a sharp transition
between high to low RMSDglobal values at all lengths.
When loops were filtered for redundancy by removing
proteins on a SCOP superfamily or family level similar
trends can be observed, however, with much smaller
number of cases the observed. In other words, here we
identify the set of loops, which are structurally very similar
but belong to different structures. The sequence identity
range of transition between high (>3 Å RMSD) and low
(<2 Å RMSD) for these subsets of loops is shifted to the
range of 50–64% (Figure 2b).
In general, a partially different trend is followed by loops
of length 10. Instead of a monotonous decrease of RMSD-
global values with increasing sequence identity there is a
spike in RMSD values among highly similar loops. Most
of the 10 residues long loops close to or at 100% sequence
identity level belong to the complementarity determining
regions (CDRs) of immunoglobulins. These loops are
involved in the recognition of the antigen molecules and
have been shown that for five of the six CDR loops (also
known as the hypervariable regions) there are few differ-
ent main-chain conformations (canonical forms)[29].
The sixth loop is highly variable and it is involved in bind-
ing specificity. Out of total 590 loop pairs with 100%
sequence identity, 489 pair show a RMSDglobal larger than
1.0 Å and all of these pairs are CDRs. A more general over-
view of this question is provided in Table 1: the number
of loop pairs with identical sequence to one other with
RMSDglobal values of 0–1, 1–2, 2–3 or more than 3 Å is
listed. Apart from the unique but large subset of hypervar-
iable CDR loops there is a strong correlation between con-
formational and sequence conservation at all lengths.
Table 2 contains statistics on structural similarity about
loops at the other extreme: pairs of loops with unrelated
sequence (25% or less sequence identity) but with similar
conformations. Although it is a relatively small fraction of
all loops compared, but nevertheless hundreds or even a
few thousands of pairs of loops exhibit a highly similar
conformation (<1 Å) even though there is an apparent
lack of sequence similarity.Page 3 of 12
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lengths that guarantee conformational similarity (<1 Å).
For instance, for loop length 8 a 62.5% cutoff is required
to guarantee similar conformations but in case of 12 resi-
due loops 41.6% cutoff is already enough to ensure struc-
tural similarity (Figure 2a and Table 3 and 4). These
cutoffs values were used to infer structural relationship
among loops using sequence information alone.
Sequence Spaces
We extracted 1,308,121; 1,071,712; 884,632; 720,202;
586,760; 476,596; and 387,190 loop sequences for
Histogram of RMSDglobal values after an all-to-all structural comparison of loops in Structure SpaceFigure 1
Histogram of RMSDglobal values after an all-to-all structural comparison of loops in Structure Space. The distribution of RMSDglo-
bal values are grouped into bins of 0.1 Å. Loop lengths and symbols correspond as: 8 (), 9 (■), 10 (▲), 11 (× ), 12 (Ж), 13 (●), 
and 14 (+). Insert plot shows a blow up of the RMSDglobal distribution between 0 to 2 Å.Page 4 of 12
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Average RMSDglobal (Y-axis) is computed as a function of percentage sequence identity (X-axis) for loops of 8 (), 9 (■), 10 (▲), 11 (×), 12 (), 13 (●), and 14 (+) r sidues lo g, respectively, for a set of loops extracted from pr teins (A) sharing less than 95% sequence identity (B) that belong to different SCOP familiesFigur 2
Average RMSDglobal (Y-axis) is computed as a function of percentage sequence identity (X-axis) for loops of 8 (), 9 (■), 10 
(▲), 11 (×), 12 (Ж), 13 (●), and 14 (+) residues long, respectively, for a set of loops extracted from proteins (A) sharing less 
than 95% sequence identity (B) that belong to different SCOP families.
(A)
(B)
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1,730,689 protein sequences that compose the Sequence
Space 2005. In case of Sequence Space 2001 we obtained
263,032; 213,973; 176,200; 141,832; 114,769; 92527;
and 74613 loops for lengths 8, 9, 10, 11, 12, 13, and 14
respectively, from 350,412 protein sequences. This indi-
cates an approximately 6 fold increase in the number of
short fragments between years 2001 and 2005.
Comparing Structure Space and Sequence Space 2005
With the identified minimum sequence signal (Figure 2)
that guarantees a structural similarity we can assess the
fraction of loop conformations (as obtained from the
Sequence Space) that is covered by known fragments in
the Structure Space. Figure 3 shows the cumulative fre-
quency distribution of percent of sequence identity of
fragment pairs after an all-to-all sequence comparison of
loops from both Structure Space and Sequence Space
2005. The frequency is accumulated from right to left, i.e.
each value indicates the cumulative fraction of fragments
in Sequence Space that share a corresponding or greater
sequence identity to at least one loop in the Structure
Space. Below 40% sequence identity only 20 and 10% of
loops of length 13 and 14 from Sequence Space 2005 can-
not be matched to at least one loop from Structure Space,
while all other loop lengths matched at 100%. Meanwhile
all loops (100%) of length 8 from Sequence Space 2005
have at least one loop in Structure Space at 50% or larger
sequence identity. These percentages of coverage at 50%
sequence cutoff drop to 96, 94, 68, 53, 33 and 13% for
loops of length 9, 10, 11, 12, 13, and 14, respectively
(Table 3). There is not a single loop in the current
sequence space at any length up to 14 residues that is not
matched with a conformational segment that shares at
least 20% a sequence identity. Moreover, this minimum
observed similarity is 40% for loops of 12 residues or
shorter and is as high as 50% for 10 residue or shorter
loops. As we recall an all-to-all structure comparisons
(Figure 2a and Table 3) indicate that a 50% sequence
identity will essentially ensure a structural similarity at
any of these loop lengths
Tracking trends in Sequence and Structure Space
We observed a strong coverage of structural loop frag-
ments for the currently available sequence database. We
made this comparison with the assumption that the cur-
rent sequence database of approx 3 million protein entries
is a good representation of all expected sequences. Next
we explored two more issues: whether it is a correct
assumption that the current, Sequence Space 2005 con-
tains a near exhaustive compilation of all possible loop
sequences. Second, if the good structural coverage of frag-
ments observed is a consequence of a recent expansion of
PDB or if it was the case earlier, in 2001 as well. Following
the same approach described in the previous section, we
compared Sequence Space 2005 against Sequence Space
2001. Figure 4 shows the cumulative frequency distribu-
tion of percentage of sequence identities for loops
between 8 to 14 residues. One observes a 100% sequence
identity for a large, 20 to 25% fraction of loop pairs at all
explored lengths. A sharp transition takes place in the
range of 40 to 75% sequence identity. At 50% sequence
identity 100% of loops of length 8, 9 and 10, more than
95% of loops of length 11 and 12, 80% of loop of length
13 and 73% of length 14 are matched with at least one
segment between the two Sequence Spaces (see also Table
Table 1: Structural variation (percent distribution among RMSD bins) of loops with identical sequences.
Loop length Number of Pairs 0–1 Ang. 1–2 Ang. 2–3 Ang. > 3 Ang.
8 332 318 23 1 0
9 286 256 23 6 1
10 590 101 182 286 21
11 211 151 21 33 6
12 98 88 5 2 3
13 69 57 10 1 1
14 56 44 8 3 1
Table 2: Structural variation among sequentially unrelated loops (loops with less than 25% sequence identity.)
Loop length Number of Pairs 0–1 Ang. 1–2 Ang. 2–3 Ang. > 3 Ang.
8 1281596 5077 13867 215875 1046777
9 1231208 425 4927 114366 111490
10 1216131 342 2734 72567 1140488
11 1273594 108 935 35397 1237154
12 928413 408 915 17222 909868
13 527656 173 246 5603 521634
14 392981 245 232 3078 389426Page 6 of 12
(page number not for citation purposes)
BMC Structural Biology 2006, 6:15 http://www.biomedcentral.com/1472-6807/6/154). This fraction indicates that while sequence databases
keep growing at an exponential rate there are almost no
unique conformational segment deposited up to 12 resi-
dues long fragments during the last 5 years.
The impact of the growing PDB was assessed by using a
2001 version of PDB to predict all possible sequences in
the Sequence Space of 2005 (Figure 5). While there is an
incremental improvement over the last five year period in
coverage, especially at longer loop lengths, the availability
of loop fragments was already good in 2001. While the
ongoing saturation of conformational loop fragments will
ensure an even finer granularity (delivering fragments at
higher than 50% identity), essentially all possible query
segments were already matched at 50% with a known
structure in 2001.
Impact of sequence identity in loop prediction
The structural similarity so far was exclusively related to
sequence signal. This is a conservative approach as it was
shown in Table 2: although it is a small fraction of the
total number cases but at each length there are hundreds
or even thousands of loops that are structurally very simi-
lar despite the apparent lack of sequence signal. If a pre-
diction method locates these loops an even better
coverage can be achieved than what was discussed above.
Therefore we tried to estimate the fraction of loops that
can be covered by known fragments if not only sequence
information is used alone but some additional parame-
ters. We compared two different scenarios: (1) Similar
loop structures were predicted using sequence signal only;
and (2) loops of similar conformation were predicted
using a more elaborated prediction algorithm [12] that
includes information about the geometrical fit of stem
regions, 3 types of angles and a distance, the fit of pre-
ferred and observed main-chain dihedral angle prefer-
ences, and the fit of a template loop in a given protein
environment with regards to steric clashes and non-boned
contacts. In order to make both scenarios comparable
under different conditions, we ran loop prediction by
applying various sequence cut-offs (25, 50, 75%) to pre-
filter the available structure database as compared to the
query loops. This dynamic filtering approach was neces-
sary because a prediction method using a structure data-
base that offers sequentially obviously similar loops will
not benefit much from a more sophisticated approach,
and vice versa, a structure database that is overly cleaned
up from trivial sequence similarities will be unfairly pun-
ishing sequence only methods, further, it would not be
reflecting the observed good coverage in actual databases.
The accuracies of predictions are shown in Figure 6. As
sequence identity grows the prediction becomes more
accurate but always the accuracy achieved is higher for the
prediction algorithm than for the simple sequence iden-
Table 3: Observed fraction of loop fragments of various length (8–14 residues) that share at least the corresponding level (40%, 50%, 
60%) of sequence identity with at least one other loop when comparing datasets of Sequence Space 2005 and Structure Space 2005.
Loop length Sequence identity
40 50 60
8 100 100 92
9 100 96 65
10 100 94 30
11 100 68 18
12 100 53 5
13 90 33 2
14 80 13 1
Table 4: Observed fraction of loop fragments of various length (8–14 residues) that share at least the corresponding level (40%, 50%, 
60%) of sequence identity with at least one other loop when comparing Sequence Space 2005 and Sequence Space 2001.
Loop length Sequence identity
40 50 60
8 100 100 100
9 100 100 90
10 100 100 89
11 100 98 60
12 100 97 49
13 100 79 35
14 100 73 31Page 7 of 12
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maintains the same accuracy as obtained for sequence
only approach but for 1–3 residues longer loops as well.
The longer the actual segments the bigger improvement
can be achieved. Also, the gain in prediction accuracies
increase as sequence identity of available segments drops,
so other search factors weigh in.
Discussion and conclusion
Short identical fragments can have completely different
conformations [30,31]. However, these examples are
rather rare exceptions to well established trends. As it is
shown in Table 1 and 2 and in Figure 2a this is in general
a highly unlikely situation. Sufficient sequence conserva-
tion -even for short segments- implicates structural simi-
larity. This fact has been exploited in various database
search dependent loop structure prediction methods. The
shorter a given sequence the higher identity is required in
general to assume structural similarity. For the medium
and long loops (8–14 residues) studied here a 40–60%
sequence identity was found to be a conservative limit to
ensure structural similarity. Using a 40% sequence iden-
tity cutoff only about 5% of all studied short segments do
not a match to a known fragment in the current structure
space (Table 3 and Figure 3). Given the current numbers
in PDB (Structure Space) and UniProt databases
(Sequence Space 2005) there is a >95% coverage for loops
up to 10 residues long. This favorable coverage is probably
a consequence of the enormous expansion of PDB in the
last few years, partially because of the Structural Genomics
efforts that amalgamate the databank with new or
remotely similar folds[6]. When sequence datasets were
compared, we found that although the number of frag-
ments in Sequence Space 2005 is almost 6 times larger
than in Sequence Space 2001, this expansion is not
reflected in form of many structurally new loop
sequences. Almost all loop fragments in 2005 can be
matched sequentially to a fragment already known in
2001 with 40% of greater sequence identity, and 25% of
all loop sequences in 2005 have a 100% sequence identity
to loop sequences in 2001 (Figure 4). This indicates that
sampling of loop segments up to 12 residues in sequence
databases might be close to saturation and a near full
structural coverage is available for up to 10 residue long
segments.
Cumulative frequency distribution of sequence identity com-paring Sequence Spa e 2005 to Sequence Spa e 2001 for loops of 8 (), 9 (■), 1  (▲), 11 (×), 12 (), 13 (●), and 14 (+) residu s longFigure 4
Cumulative frequency distribution of sequence identity com-
paring Sequence Space 2005 to Sequence Space 2001 for 
loops of 8 (), 9 (■), 10 (▲), 11 (×), 12 (Ж), 13 (●), and 14 
(+) residues long. The cumulative frequency at a given 
sequence identity value indicates the fraction of fragments in 
Sequence Space 2005 that has the corresponding or higher 
sequence identity to at least one loop in the Sequence Space 
2001.
Cumulative frequency distribution of sequence identity com-paring Sequence Spa e 2005 to Structur  Space 2005 for lo ps of 8 (), 9 (■), 10 (▲), 11 (×), 12 (), 13 (●), an  14 (+) resi-dues longFigure 3
Cumulative frequency distribution of sequence identity com-
paring Sequence Space 2005 to Structure Space 2005 for loops 
of 8 (), 9 (■), 10 (▲), 11 (×), 12 (Ж), 13 (●), and 14 (+) 
residues long. The cumulative frequency at a given sequence 
identity value indicates the fraction of fragments in Sequence 
Space that has the corresponding or higher sequence identity 
to at least one loop in the Structure Space.Page 8 of 12
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a conservative manner, using sequence information only
as our sole assessment. It is safe to assume that the struc-
tural coverage of short segments is substantially larger
than our estimations. We simulated a loop prediction
exercise that includes not only selection and ranking of
candidate loops by sequence information alone, but fit-
ting the loops in the new protein environment and the
assessment of their conformational fit. In this scenario the
earlier established sequence identity thresholds can be
less strict. As it is shown in Figure 6, for any given
sequence identity threshold, the accuracy of loop predic-
tion is always better. Essentially the prediction method
extends the applicability of prediction (without loosing its
Comparing conformational fragment coverage in PDB in 2001 and 2005Figure 5
Comparing conformational fragment coverage in PDB in 2001 and 2005. Grey bars indicate the gain in structural coverage 
between 2001 and 2005 for loops (A) 8, (B) 10 (C) 12 and (D) 14, respectively.Page 9 of 12
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each length.
According to the results reported here, the bottleneck in
database search based loop modeling approaches is likely
to shift from issues of database completeness of suitable
fragments (sampling) to the development of novel scor-
ing schemes that are capable of efficiently and accurately
recognizing similar conformations. Once these tech-
niques are available they seem to provide a dense coverage
of loop segments for modeling studies.
Methods
Loop structure dataset
A representative set of 6578 protein structures were
selected from the PDB [32]. The selected proteins were
clustered and filtered so that any two share less than 95%
sequence identity and all of them are determined by X-ray
crystallography at a resolution of 2.5 Å or better. The DSSP
program [33] was used to locate loop segments i.e. frag-
ments that connect two regular secondary structures. The
initial dataset of loops was further filtered by various qual-
ity rules: (i) loops with missing residues and/or main
chain atoms (including Cβ, except for Gly), and (ii) loops
with high crystallographic B-factors were discarded. The
final set contains 105,950 protein loops of length ranging
from 4 to 14 residues long. This compilation of loops will
be referred as Structure Space.
Loop sequence datasets
Two sequence datasets were considered using the
sequence databanks from 2005 and 2001. Loop
sequences were extracted from the 2005 release of UniProt
catalog [34]. In order to have a comprehensive set of
sequences but avoiding obvious redundancies the dataset
UniRef90 v.6.0 containing 1,730,689 clusters or repre-
sentative sequences was used. Secondary structures were
predicted for all these sequences using PHD program [35],
loops were defined as segments connecting two regular
secondary elements. Only those α-helices and/or β-
strands were considered that span at least 5 and 4 resi-
dues, respectively. We refer to this set as Sequence Space
2005. Loop sequences for dataset Sequence Space 2001
were compiled in a similar manner, except that instead of
UniProt, that did not exist in 2001, protein sequences
from the current SWISSPROT and TrEMBL databases [36]
were downloaded. Those sequences that were deposited
in 2001 or before were collected. The program CDHIT
[37] was used to remove redundancy at 90% sequence
identity that resulted in 350,412 clusters. This dataset is
referred as Sequence Space 2001.
Loop prediction datasets
Eleven test sets, each of which had 50 randomly selected
loops from the Structure Space, between lengths 4 to 14
were used to test the performance of the prediction using
only sequence signal or a loop prediction method. In
order to explore different database conditions, several pre-
filtered structure databases were prepared. Fragments were
removed above a certain sequence identity cutoffs for each
query segment using various cutoff values (25%, 50%,
75%).
Assessing structural similarity between loops in structure 
space
The structure similarity was measured by the root mean
square difference (RMSD) of the atomic coordinates. In
order to fit a segment into the surrounding structure, an
overlap at each end must be allowed. The optimal number
of overlapping residues is three, two residues at the N-ter-
minal and one residue at C-terminal of the segment[15].
Then, for a loop of length 8, 11 residues are considered, 2
in N-terminal, 8 in loop, and 1 in C-terminal regions. We
referred to this RMSD values as the global RMSD (RMSD-
global). The main chain atoms (N, Cα, C and O) were used
for RMSD calculation. Structure alignments and RMSD
were calculated with the MODELLER package [38].
Accuracy of fragment search based loop prediction using sequen e  in ormation only (dashed lines) an  using a predic-tion meth d[12]  (c tinuous lin s) using 3 ifferent data-bases, filtered for redundancy with regards to the q ery at 25% (▲), 50%(■), a d 75%(●) qu ce id nti y, respec-velyFig e 6
Accuracy of fragment search based loop prediction using 
sequence  information only (dashed lines) and using a predic-
tion method[12]  (continuous lines) using 3 different data-
bases, filtered for redundancy with regards to the query at 
25% (▲), 50%(■), and 75%(●) sequence identity, respec-
tively.Page 10 of 12
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Loop sequences from Sequence Space were aligned
against loop sequences form Structure Space and
sequence identities were computed as the percentage of
identical aligned position. The sequences from Sequence
Space were aligned with the set of loops with the same
length ± 2 residues from Structure Space and the highest
sequence identity was kept (i.e. a loop of length 3 from
sequence space was compared with loops of length 1, 2, 3,
4 and 5 of Structure Space adding as many residues from
flanking secondary structures as needed). The wobbling of
± 2 residues was allowed in order to compensate for the
errors produced by secondary structure prediction
method when predicting secondary structure boundaries
[39,40].
Abbreviations
RMSD: Root Mean Square Deviation; Å: Angstrom; PDB:
Protein Data Bank;
Authors' contributions
NFF: design, acquisition, analysis and interpretation of
data, drafting the manuscript. AF concept, design, analysis
and interpretation of data, writing, finalizing manuscript.
Acknowledgements
The authors acknowledge all lab members for their insightful comments on 
the work.
We thank the financial support provided by the Seaver Foundation and NIH 
GM62519-04.
References
1. Todd AE, Orengo CA, Thornton JM: Plasticity of enzyme active
sites.  Trends BiochemSci 2002, 27(8):419.
2. Rost B: Enzyme function less conserved than anticipated.
JMolBiol 2002, 318(2):595.
3. Fiser A: Protein structure modeling in the proteomics era.
Expert Rev Proteomics 2004, 1(1):97-110.
4. Burley SK, Almo SC, Bonanno JB, Capel M, Chance MR, Gaasterland
T, Lin D, Sali A, Studier FW, Swaminathan S: Structural genomics:
beyond the human genome project.  NatGenet 1999, 23(2):151.
5. Fiser A, Feig M, Brooks CLIII, Sali A: Evolution and Physics in
Comparative Protein Structure Modeling.  AccChemRes 2002,
35(6):413.
6. Chance MR, Fiser A, Sali A, Pieper U, Eswar N, Xu G, Fajardo JE, Rad-
hakannan T, Marinkovic N: High-throughput computational and
experimental techniques in structural genomics.  Genome Res
2004, 14(10B):2145.
7. Orengo CA, Michie AD, Jones S, Jones DT, Swindells MB, Thornton
JM: CATH--a hierarchic classification of protein domain
structures.  Structure 1997, 5(8):1093.
8. Bystroff C, Baker D: Prediction of local structure in proteins
using a library of sequence- structure motifs.  JMolBiol 1998,
281(3):565.
9. Rohl CA, Strauss CE, Chivian D, Baker D: Modeling structurally
variable regions in homologous proteins with rosetta.  Proteins
2004, 55(3):656-677.
10. Schueler-Furman O, Wang C, Bradley P, Misura K, Baker D:
Progress in modeling of protein structures and interactions.
Science 2005, 310(5748):638-642.
11. Fidelis K, Stern PS, Bacon D, Moult J: Comparison of systematic
search and database methods for constructing segments of
protein structure.  Protein Eng 1994, 7(8):953.
12. Fernandez-Fuentes N, Oliva B, Fiser A: A supersecondary struc-
ture library and search algorithm for modeling loops in pro-
tein structures.  Nucleic Acids Res 2006, 34(7):2085-97. Print 2006..
13. Rufino SD, Donate LE, Canard L, Blundell TL: Analysis, clustering
and prediction of the conformation of short and medium
size loops connecting regular secondary structures.  Pac Symp
Biocomput 1996:570-589.
14. Topham CM, McLeod A, Eisenmenger F, Overington JP, Johnson MS,
Blundell TL: Fragment ranking in modelling of protein struc-
ture. Conformationally constrained environmental amino
acid substitution tables.  JMolBiol 1993, 229(1):194.
15. Claessens M, Van Cutsem E, Lasters I, Wodak S: Modelling the
polypeptide backbone with 'spare parts' from known protein
structures.  Protein Eng 1989, 2(5):335.
16. Chothia C, Lesk AM, Levitt M, Amit AG, Mariuzza RA, Phillips SE, Pol-
jak RJ: The predicted structure of immunoglobulin D1.3 and
its comparison with the crystal structure.  Science 1986,
233(4765):755.
17. Heuser P, Wohlfahrt G, Schomburg D: Efficient methods for fil-
tering and ranking fragments for the prediction of structur-
ally variable regions in proteins.  Proteins 2004, 54(3):583-595.
18. Michalsky E, Goede A, Preissner R: Loops In Proteins (LIP)--a
comprehensive loop database for homology modelling.  Pro-
tein Eng 2003, 16(12):979.
19. Fernandez-Fuentes N, Querol E, Aviles FX, Sternberg MJ, Oliva B:
Prediction of the conformation and geometry of loops in
globular proteins: testing ArchDB, a structural classification
of loops.  Proteins 2005, 60(4):746-757.
20. Burke DF, Deane CM: Improved protein loop prediction from
sequence alone.  Protein Eng 2001, 14(7):473-478.
21. Lessel U, Schomburg D: Creation and characterization of a
new, non-redundant fragment data bank.  Protein Eng 1997,
10(6):659.
22. Fiser A, Do RK, Sali A: Modeling of loops in protein structures.
Protein Sci 2000, 9(9):1753.
23. Jacobson MP, Pincus DL, Rapp CS, Day TJ, Honig B, Shaw DE, Friesner
RA: A hierarchical approach to all-atom protein loop predic-
tion.  Proteins 2004, 55(2):351.
24. de Bakker PI, DePristo MA, Burke DF, Blundell TL: Ab initio con-
struction of polypeptide fragments: Accuracy of loop decoy
discrimination by an all-atom statistical potential and the
AMBER force field with the Generalized Born solvation
model.  Proteins 2003, 51(1):21.
25. Xiang Z, Soto CS, Honig B: Evaluating conformational free ener-
gies: The colony energy and its application to the problem of
loop prediction.  ProcNatlAcadSciUSA 2002.
26. Fiser A, Sali A: ModLoop: automated modeling of loops in pro-
tein structures.  Bioinformatics 2003, 19(18):2500.
27. Zhang C, Liu S, Zhou Y: Accurate and efficient loop selections
by the DFIRE-based all-atom statistical potential.  Protein Sci
2004, 13(2):391-399.
28. Du P, Andrec M, Levy RM: Have we seen all structures corre-
sponding to short protein fragments in the Protein Data
Bank? An update.  Protein Eng 2003, 16(6):407.
29. Oliva B, Bates PA, Querol E, Aviles FX, Sternberg MJ: Automated
classification of antibody complementarity determining
region 3 of the heavy chain (H3) loops into canonical forms
and its application to protein structure prediction.  JMolBiol
1998, 279(5):1193.
30. Kabsch W, Sander C: On the use of sequence homologies to
predict protein structure: identical pentapeptides can have
completely different conformations.  ProcNatlAcadSciUSA 1984,
81(4):1075.
31. Mezei M: Chameleon sequences in the PDB.  Protein Eng 1998,
11(6):411.
32. Bourne PE, Addess KJ, Bluhm WF, Chen L, Deshpande N, Feng Z,
Fleri W, Green R, Merino-Ott JC, Townsend-Merino W, Weissig H,
Westbrook J, Berman HM: The distribution and query systems
of the RCSB Protein Data Bank.  Nucleic Acids Res 2004, 32
Database issue:D223.
33. Kabsch W, Sander C: Dictionary of protein secondary struc-
ture: pattern recognition of hydrogen-bonded and geometri-
cal features.  Biopolymers 1983, 22(12):2577-2637.
34. Bairoch A, Apweiler R, Wu CH, Barker WC, Boeckmann B, Ferro S,
Gasteiger E, Huang H, Lopez R, Magrane M, Martin MJ, Natale DA,
O'Donovan C, Redaschi N, Yeh LS: The Universal ProteinPage 11 of 12
(page number not for citation purposes)
BMC Structural Biology 2006, 6:15 http://www.biomedcentral.com/1472-6807/6/15Publish with BioMed Central   and  every 
scientist can read your work free of charge
"BioMed Central will be the most significant development for 
disseminating the results of biomedical research in our lifetime."
Sir Paul Nurse, Cancer Research UK
Your research papers will be:
available free of charge to the entire biomedical community
peer reviewed and published immediately upon acceptance
cited in PubMed and archived on PubMed Central 
yours — you keep the copyright
Submit your manuscript here:
http://www.biomedcentral.com/info/publishing_adv.asp
BioMedcentral
Resource (UniProt).  Nucleic Acids Res 2005, 33(Database
issue):D154-9.
35. Rost B: PHD: predicting one-dimensional protein structure
by profile-based neural networks.  Methods Enzymol 1996,
266:525.
36. Boeckmann B, Bairoch A, Apweiler R, Blatter MC, Estreicher A,
Gasteiger E, Martin MJ, Michoud K, O'Donovan C, Phan I, Pilbout S,
Schneider M: The SWISS-PROT protein knowledgebase and
its supplement TrEMBL in 2003.  Nucleic Acids Res 2003,
31(1):365.
37. Li W, Jaroszewski L, Godzik A: Clustering of highly homologous
sequences to reduce the size of large protein databases.  Bio-
informatics 2001, 17(3):282.
38. Sali A, Blundell TL: Comparative protein modeling by satisfac-
tion of spatial restraints.  J Mol Biol 1993, 234:779-815.
39. Colloc'h N, Etchebest C, Thoreau E, Henrissat B, Mornon JP: Com-
parison of three algorithms for the assignment of secondary
structure in proteins: the advantages of a consensus assign-
ment.  Protein Eng 1993, 6(4):377-382.
40. Carter P, Andersen CA, Rost B: DSSPcont: Continuous second-
ary structure assignments for proteins.  Nucleic Acids Res 2003,
31(13):3293-3295.Page 12 of 12
(page number not for citation purposes)
